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Abstract 
This study uses data from the Tar-River Basin in North Carolina to explore how space-time rainfall 
variability influences the hydrologic response from observational and modeling perspectives. For 
understanding the basin scale effect, the Tar-River Basin is divided into four cascade sub-basins ranging 
from 1106 km
2
 up to 5654 km
2. The study evaluates the catchments’ response to rainfall for a large 
number of storm events by computing the event runoff coefficient based on streamflow observations and 
through simulations from a semi-distributed hydrological model. Comparison of observed to simulated 
hydrographs from the hydrological model shows that distributed rainfall forcing gives improved 
performance evaluation metrics relative to basin-average rainfall forcing data. We employ the concepts of 
“Spatial Moments of Catchment Rainfall (defined as Δ1 and Δ2)” and “Catchment Scale Storm Velocity 
(defined as Vs)” reported in Zoccatelli et al. (2011) to quantify the effect of spatial rainfall organization 
and basin geomorphology on modeling the flood response. Our analysis using the above conceptual 
framework shows that the rainfall spatiotemporal variation plays a significant role on the timing and 
dispersion of the simulated hydrographs. Specifically, Δ1 increases linearly with the difference in timing 
between lumped and distributed rainfall forcing. Δ2 and the product between Vs and the variance of 
hydrograph arrival time exhibit an increasing trend with the difference in dispersion of simulated 
hydrographs between lumped and distributed rainfall forcing. 
Key words: Spatiotemporal Variability of Rainfall; Storm Velocity; Runoff Coefficient; Hydrologic 
Model
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1 Introduction 
1.1 Catchment Response  
The estimation of catchment flood response and more generally basin water balance has been one of 
the recurrent themes in hydrology (Woods and Sivapalan, 1999; Smith et al., 2004; Nicótina et al., 2008). 
More specifically, given certain catchment and flood characteristics; what are the dominant processes in 
hydrological response? Several past studies (de Lima et al., 2002; Smith, et al., 2005; Vezza et al., 2009; 
Norbiato et al., 2009) have reported that the streamflow variability (i.e. the flow volume and shape of the 
hydrograph) is the result of numerous hydrological processes, which can be expected to depend on: 1) 
complex interactions between the rainfall spatiotemporal distribution and basin geomorphology, 2) the 
catchment soil properties variability, 3) the land usage situation and 4) the catchment area. Among these 
factors, the role of rainfall spatiotemporal heterogeneity to runoff generation has been addressed as a key 
question, but yet remains controversial. For nearly four decades studies have attempted to decipher the 
interactions between rainfall spatiotemporal variability and runoff generation with the aim of developing 
rationales for more effective runoff monitoring, modeling, and forecasting (e.g., Dawdy and Bergmann, 
1969; Wilson et al., 1979; Wood et al., 1988; Naden, 1992; de Lima and Singh, 2002; Viglione, et al., 
2010a). From a practical perspective it is important to understand the catchment runoff response 
mechanisms (e.g., what space-time scales of rainfall to runoff processes have the monitoring, modeling 
and forecasting potential), which are the dominant controlling sources to the response mechanisms and 
how are the space-time aggregations affect modeling. 
An important feature frequently reported in hydrologic modeling studies is the catchment dampening 
characteristics to rainfall input variability with respect to basin scale; Skøien and Blöschl (2006) 
concluded that the catchment acts as a space-time filter to rainfall input and the filtering effect in some 
cases can be too strong to overwhelm some features of rainfall spatial variability. Therefore, only a 
portion of rainfall space-time characteristics (e.g. peak discharge rate, runoff recession, rainfall-to-runoff 
time lag) will emerge on the runoff spatiotemporal organization (Skøien et al., 2003). Wainwright and 
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Parsons (2002) gave a more specific description for the smoothing effect; they stated:”Pulses of runoff 
produced during parts of the storm could be lost to run-on infiltration during other parts of the storm 
when infiltration exceeded rainfall. These pulses would have a greater probability of being lost to run-on 
infiltration the farther downslope they travel.” Obviously, the river network geometry plays an essential 
role in the structure of the catchment smoothing properties. Therefore a flow distance coordinate, i.e. the 
coordinate characterized by the distance from the basin periphery along the runoff flow path to the basin 
outlet, has been introduced with the aim of providing information on rainfall spatial organization relative 
to the basin network structure as represented by the routing time (Zhang et al., 2001; Smith et al., 2005; 
Borga et al., 2007). 
For the purpose of magnitude consistency and hydrological comparison a set of dimensionless 
normalized indicators as a function of time (e.g. normalized flow distance, normalized dispersion) based 
on the flow distance coordinate in terms of either routing time or length of flow path have been 
established and used. Zanon et al. (2010) shows that the normalized time distances and normalized time 
dispersion for four complex terrain basins with sizes less than 300km
2
 have a value very close to one 
while similar results are also exhibited in Sangati et al. (2009). This means despite the large spatial 
variability in rainfall over the basin drainage network the distribution of routing times with respect to a 
specific rainfall organization is close to the distribution of routing times in the uniform rainfall case. 
Sangati et al. (2009) additionally showed that the normalized time distance and dispersion have a 
considerable increase for basin sizes exceeding 500 km
2
. This is expected since rainfall tends to distribute 
uniformly over a smaller region but is more heterogeneous as larger space is considered. Beside the 
normalized time distance and dispersion the concept of rainfall movement has been developed to quantify 
theoretically and experimentally the combined effect between the rainfall space-time properties and basin 
geomorphology. Viglione et al. (2010b) applied the analytical framework developed in Viglione et al. 
(2010a) and concluded that: 1) Due to the high spatial heterogeneity properties of short-rain event, the 
roles of movement component of flood inducing complex terrain storms can be important in runoff 
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generation. 2) For the more spatially uniform long-lasting rain events and the rain-on-snow and snowmelt 
events, the movement component is weak in influencing the hydrograph. Zoccatali et al. (2011) derived a 
term named “catchment scale storm velocity” as the first derivative of the normalized time distance with 
respect of time to represent the rainfall centroid movement. The scale dependency of this concept was 
further examined by Nikolopouls et al. (2011). Results showed that: 1) The values of catchment scale 
storm velocity are low in general; 2) there is a strong nonlinearity in the scale dependency of the velocity 
and 3) the velocity has a weak influence to the hydrologic response. De Lima (2002), on the other hand, 
used a more experimental study to show that hydrographs of storms moving upstream are characterized 
with: 1) an earlier rise of basin hydrograph, 2) lower peak discharge, 3) less steep rising limb and 4) 
longer base time compared to the storms moving downstream. 
From the observational aspect the runoff coefficient has been suggested in past hydrologic works as a 
way to characterize the basin response to rainfall. Estimates of the surface runoff component of storm 
hydrographs is an important and challenging realm in flood analysis and designing certain hydraulic 
structures (e.g., crossroad culverts, drainage ditches, urban storm drainage systems, and highway bridge 
crossings) (Viessman and Lewis, 2003). It is possible to get a first estimate of the flood processes by 
extracting different parameters describing the hydrograph and its relationship to input rainfall (e.g. peak 
flow rates, lag times, response times). The calculation of runoff coefficient as a lumped indicator of the 
runoff generation for single events, or for selected periods, adds additional information on the watershed 
response (Merz et al., 2006). However, the meaning behind the term “runoff coefficient” has been 
variously named and defined throughout the scientific literature. Blume et al. (2007) gives a brief 
summary on different names for this term:”In the study by Hewlett & Hibbert (1967), the parameter is 
called response factor, while in Woodruff & Hewlett (1970) it is called hydrologic response, in 
McNamara et al. (1998) runoff ratio, and Savenije (1996) and van Dijk et al. (2005) call it annual runoff 
coefficient.” Besides an inconsistent name the runoff coefficient is embedded with different mathematical 
expressions. The first rationale was developed in United States by Emil Kuichling in 1889 and introduced 
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to Great Britain by Lloyd-Davies in 1906 (Dhakal et al., 2012). In Kuichling (1889) the runoff coefficient 
is defined as the ratio off peak discharge rate to rainfall intensity for hydraulic engineering design. In 
more recent studies runoff coefficient is designated as the ratio of total runoff to total rainfall or direct 
runoff (exclude baseflow from direct flow) to total rainfall (Iroumé et al., 2005; Viglione et al., 2009; 
Dhakal et al., 2012). It is easy to see that among these three definitions, the first one yields the highest 
runoff coefficient which is reasonable since the value is used for structure design. Runoff coefficient 
employs the last definition will be the least and perhaps the most realistic. 
Once the runoff coefficient is defined as the portion of rainfall that becomes quick flow choosing an 
appropriate hydrograph separation method will be the next question. Hydrograph separation, i.e. identify 
single hydrograph events and separate baseflow from long term streamflow hydrographs, has long been 
an active study area in hydrology for years (Hall, F.R., 1968; Martinec, 1975; Nathan and McMahon, 
1990; Hrachowitz et al., 2011). There is a large number of techniques and high level of subjectivity in 
separating baseflow contribution from total streamflow. Among the various separation methods tracer-
based methods probably yield the most realistic results (Hrachowitz et al., 2011); however, it is laborious 
and expensive and thus restricted to a small number of events and catchments which prohibit statistical 
analysis (Blume et al., 2007). Another set of a widely used techniques are the graphical methods. These 
methods are faced with the difficulty of determining the end point of event flow where the total flow rate 
drops and equals to the baseflow rate. Compared to the graphical methods, the digital filters circumvent to 
determine the end point, but encounter with the difficulty with interpolation of the baseflow hydrograph 
during the event. Nathan and McMahon (1990) compared the Smoothed Minima Technique (Institute of 
Hydrology, 1992), a graphical method, to the Recursive Digital Filter. They concluded that the Recursive 
Digital Filter yields similar answers to that obtained using the Smooth Minima Technique for a range of 
stream variabilities and catchment sizes. 
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1.2 Objectives 
Aiming to discover the interactions and decipher the magnitude between rainfall spatial organizations 
to flood response, this study will examine the use of “Spatial Moments of Catchment Rainfall” and 
“Catchment Scale Storm Velocity” reported in Zoccatelli et al. (2011) as potential metrics for quantifying 
the effect of rainfall organization and storm motion relative to the drainage network structure on the 
hydrologic modeling of mild-slope large size watersheds. In section 2 we describe the study area and data 
used in our analysis. In section 3 we present the hydrograph separation and runoff coefficient determined 
for each event, while section 4 presents the analytical framework in Zoccatelli et al. (2011). Section 5 
gives results on hydrological model used in this study. Section 6 presents the numerical experiments used 
to determine the “Rainfall Spatial Moments” and “Catchment Scale Storm Velocity” and evaluates the 
correlation of those statistics to hydrologic modeling error metrics. Conclusions and recommendations for 
further research are provided in section 7. 
2 Study Area and Data 
2.1 Study area 
Target The target area of this study is the Tar-River Basin in North Carolina, USA. The Tar-River 
originates in Person County as a freshwater spring and flows 225km southeast to Washington, NC. The 
main stem of the upper river flows through Louisburg, Rocky Mount, Tarboro and Greenville and 
provides drinking water for these communities. Its major tributaries are Swift, Fishing and Tranters creeks 
and Cokey Swamp. The area within this basin is relatively undeveloped. Agriculture accounts for 33.6% 
of the land use, forests (29.6%), open water (19.7%), and wetlands (11.4%). Urban lands and scrub 
growth accounts for 5.2% of the land usage. Fig.1 shows the location and elevation of the Tar-River Basin. 
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Fig.1. Location and Elevation of the Tar-River Basin. 
2.2 Digital Elevation Model (DEM) Data 
The DEM data is in 28m×28m resolution (Fig.1) and covers a rectangular area from 34.80°N to 
36.50°N and 79.30°W to 76.30°W. Since the study area is close to the east coast, its elevation is relatively 
low and ranges between 3.93m a.s.l. (above sea level) close to the outlet on southeast to about 225m a.s.l. 
near the head water on the northwest. We have divided the study area into four cascade basins based on 
the location of outlets and drainage structures (Fig.2). The subbasins selected for this study (Bi, Bii, Biii, 
and Biv) are associated with available streamflow data from the hydrologic stations marked as Gi, Gii, 
Giii, and Giv (Fig.2). Every outlet lies on the lowest point of its corresponding basin. Drainage areas for 
the four basins are approximately 1105.93km
2
, 2012.43km
2
, 2395.75km
2
, and 5653.97km
2
 respectively. 
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Fig.2. Results from watershed delineation. 
The streamgauge is assigned the same number as the basin and is regarded as the outlet of that basin 
(e.g. Gi is the outlet of Bi). The overall outlet for the Tar-River Basin is Giv. Table 1 shows the details of 
the streamgauge locations. Flow-length was computed as the distance from a given point within a basin to 
the basin outlet. The longest and mean flow-lengths within the Tar-River Basin are 287.54km and 
142.11km, respectively. Mean flow-length for Bi is the shortest at less than 100km while the others are all 
greater than 100km (see Table 2 for details). 
Table 1. Details for streamgauge locations. 
Gauge ID Gauge Name County  Latitude Longitude 
Gi Tar R at US 401 at Louisburg Franklin 36°05'35" 78°17'46" 
Gii Tar R BL Tar R Reservoir near Rocky Mount Nash 35°54'02" 77°51'56" 
Giii Tar River at NC 97 at Rocky Mount Edgecombe 35°57'17" 77°47'14" 
Giv Tar River at Tarboro Edgecombe 35°53'40" 77°31'59" 
 
2.3 Rainfall Distribution 
The radar rainfall data set from NEXRAD (reference) were used in this study. The data have a spatial 
resolution of 4km×4km and cover a rectangular area that includes the entire study area. They begin 
temporally from Jan. 1st 2002 to Dec. 31st 2009. The data sets were further interpolated to match the 
resolution of flow-length data. Among the eight years, 2003 is the wettest year which had 1260.64mm of 
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annual basin average rainfall. The driest year of the study period is 2007 with 831.42mm of annual basin 
average rainfall, while the driest year for the other three basins was 2005. Fig.3 shows the eight-year 
average annual precipitation within the study area. A point to note is that although the annual rainfall 
increases from west to east (refer to Table 2 for more details), the gradient of rainfall over space is low. 
Thus, the 8-year mean annual rainfall is evenly distributed over the basin. 
 
Fig.3. Organization of Mean Annual Precipitation from 2002 to 2009. 
2.4 Runoff Properties 
The streamflow datasets are hourly and span the same 8 year period as the precipitation data. During 
this period 2003 had the maximum annual flow for the overall basin and the three sub-basins (see Table 
2). The highest peak flow for Bi is 225m
3
/s, which was observed during 2002. For the other three basins, 
the highest peak flow occurred during 2006 and was 292m
3
/s, 402m
3
/s, and 694m
3
/s. Mean runoff rate at 
the four outlets of the study period are 10.6m
3
/s, 19.3m
3
/s, 23.7m
3
/s, and 57.4m
3
/s. The annual runoff 
coefficient is computed as the total runoff over the total precipitation for each year. The results indicate 
that the minimum and 8-year-based average runoff coefficients for the four basins are quite closed. The 
highest annual runoff coefficients occurred in 2003 which was also the wettest year. However, the lowest 
runoff coefficient is reported in 2008 which was not the driest year of the time period. 
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Table 2. Summary of Hydroclimatology and Geomorphology Data. 
Basin ID 
Bi Bii Biii Biv 
value year value year value year value year 
Annual 
Runoff 
(mm/y) 
max 435.81 2003 557.60 2003 568.70 2003 613.51 2003 
min 132.38 2007 175.94 2007 175.27 2007 177.51 2008 
mean 240.47 301.96 313.19 319.38 
Annual 
Precipitation 
(mm/y) 
max 1212.85 2003 1211.74 2003 1217.86 2003 1260.64 2003 
min 746.19 2005 791.72 2005 809.18 2005 831.42 2007 
mean 1017.16 1021.97 1040.92 1076.37 
Annual 
Runoff 
Coefficient 
max 0.45 2003 0.46 2003 0.47 2003 0.49 2003 
min 0.17 2008 0.17 2008 0.17 2008 0.16 2008 
8-year* 0.2989 0.2968 0.3010 0.2983 
Elevation  
(m a.s.l.) 
Range [56.78,225] [28.08,225] [17.94,225] [3.93,225] 
mean 128.1 105.95 99.05 76.1 
Flowlength (km) 
Range [0,108.49] [0,199.18] [0,214.18] [0,287.54] 
mean 55.76 110.25 111.36 142.11 
* 8-year-based runoff coefficient defined as total runoff over total rainfall. 
3 Events Selection and Runoff Coefficients 
3.1 Baseflow Separation 
In this part we separate the baseflow from direct flow and identify events from the rainfall and runoff 
data sets. In our study we modify a little bit of the “Smooth Minima Technique” which is used and 
reported in Institute of Hydrology (1992) to separate baseflow from streamflow and locate potential storm 
event base on the turning point of baseflow. The basic assumption here is that baseflow equals streamflow 
before or after an event.  Mathematically stated: 
       
         
               
         
where Qo(t), Qq(t), and Qb(t) are the observed streamflow, quick/direct flow and baseflow time series in 
m
3
/s. Normalized cumulative runoff (NCR) and normalized cumulative baseflow (NCB) in mm are used 
when dealing with the event-based runoff and baseflow for the sake of unit consistency with total 
precipitation (TP). NCR and NCB yield the following forms: 
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Where Ts is a certain time period (e.g., one or several hours, a storm event, etc). Another important 
assumption for NCB is that NCB can be utilized to surrogate the event initial condition. This is supported 
by Blume et al. (2007) who concluded that the pre-event discharge can be a good indicator of catchment 
state prior to rainfall. Thus, events with higher NCB are considered to have wetter initial condition and 
vice versa. 
The step for baseflow separation may be described as follows: 1) Find the minima of every 144-hour 
non-overlapping periods by both searching from the beginning and the end of the entire period of record. 
Next, 2) search the time series of the minima for values that are less than 1.11 times of its two outer 
values; such central values are defined as turning points. Then, 3) connect all the turning points to form an 
entire series for baseflow during the period of record. Note that the baseflow of any point, which is 
greater than its corresponding steamflow, will be set equal to the streamflow base on Eq.(3.1).  
3.2 Rainfall-Runoff Event Identification 
To facilitate this research we extracted all major flood cases from the 8-year record that were 
associated with a single peak occurring after a single rainfall event. We distinguish three event definitions: 
the rainfall/storm event, the runoff event and the rainfall-runoff event. Runoff event is the period between 
two turning points exhibiting a runoff peak. Storm event refers to the period of rainfall. Any intermittence 
in the rainfall record that was less or equal to 24 hours was considered to belong to the same event. 
Moreover, the rainfall-runoff event (called event hereafter) is the union of the rainfall and runoff events. 
We can quantify the above definitions as: 
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Where Qpo,i is the peak flow rate of event i; Qo,i(t) is the observed flow rate time series of event i; TE,i, TS,i, 
and TQ,i are the assembled time periods within a rainfall-runoff event, a storm event and a runoff event 
respectively. 
We revised the method used in Merz et al. (2006) to isolate potential hydrographs: 1) Screen the peak 
between two turning points. For a peak flow to be considered for further analysis it should satisfy that the 
ratio of direct flow to baseflow at the peak time is larger than 4. If there is more than one peak within two 
turning points we will check visually whether the multimodal hydrograph can be separated into several 
monomodal ones. Every peak is considered to be associated with a potential event. 2) Check visually to 
find the first hour of rainfall for each peak as the beginning of an event. 3) Find the end of each event for 
every peak. 4) Identify the end for each corresponding storm event within the beginning and peak hour for 
every event. This method is laborious and semi-auto, but it ensures that all the rainfall input for a single 
event is included and events are not overlapping. 
Table 3 summarizes the range and mean value of some event-based statistics after events selection. 
The smallest basin has the largest number of event which is recognizable while that for the biggest basin 
is the least because of the strong basin dampening effect for large drainage area. The event rainfall 
volume (TP), event duration (Td), and event peak flow rate show scale dependency which increase with 
basin scale. However, there is no clear scale dependency found for the cases of normalized cumulative 
runoff (NCR) and normalized cumulative baseflow (NCB) referencing the uncertainty of the semi-
mathematic events selection process. 
Table 3. Summarization of Event Basis Statistics. 
Basin ID Bi Bii Biii Biv 
# of Event 44 42 40 38 
TP 
(mm) 
range [12.80,124.49] [13.38,123.83] [16.50,128.65] [18.81,221.66] 
mean 42.14 49.63 54.53 61.03 
Td range [81,558] [123,551] [140,573] [202,1030] 
12 
 
(h) mean 225.34 270.14 279.58 390.03 
Qpo 
(m
3
/s) 
range [32.56,225.4] [50.12,291.66] [52.95,402.1] [103.92,693.76] 
mean 88.34 101.96 123.74 213.10 
NCR 
(mm) 
range [3.66,65.89] [4.44,66.57] [3.86,58.10] [3.77,86.96] 
mean 16.2 14.66 17.12 18.79 
NCB 
(mm) 
range [0.10,14.34] [0.45,10.53] [0.58,12.90] [1.43,23.79] 
mean 3.92 4.79 4.39 9.50 
 
Fig.4 illustrates the results of hydrograph identification and baseflow separation for four selected 
rainfall-runoff events from each basin. These events are from the same cascade event. It is easily seen that 
the biggest basin (Biv) has the highest peak flow, the longest duration and the lowest hourly basin average 
rainfall rate since its largest drainage area introduces the strongest scale dampening effect. Moreover, the 
biggest and smallest basins are subjective with greatest and smallest event-cumulative baseflow (4.35mm 
and 5.72mm). 
 
Fig.4. Illustrations of Results from Events Selection. 
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3.3 Definition of Event Runoff Coefficient 
The runoff coefficient is a widely used and often reported parameter for basin response, on either an 
annual or an event basis. It represents the lumped effect of a set of processes (e.g. antecedent evaporation, 
rainfall and snowmelt) influencing the catchment soil moisture state as well as the properties of flood 
response. It can be defined as equal to the ratio of event-flow volume (total flood volume of an event after 
separating the baseflow) over total rainfall which appears as runoff during, or directly following, an event 
(McNamara et al., 1998; Schellekens et al., 2004). Another commonly applied definition for event runoff 
coefficient states that the event runoff coefficient is the portion of rainfall that becomes direct runoff 
during an event (Merz et al., 2006). Runoff coefficient takes this definition is computed as the ratio 
between the event flow (represented as NCR in this paper) and total precipitation. Hence, event runoff 
coefficient RC yields the function: 
   
   
  
        
For comparison Table 4 presents the moments of runoff coefficient attained from the two different 
concepts introduced previously. We name the runoff coefficient which taking account for the baseflow as 
RR for distinction. The huge gap between mean RR and RC for Biv denotes that the streamflow of Biv is 
dominated by a relatively large portion of baseflow. CVs of the event runoff coefficient for RR are greater 
than those for RC due to the fact that the involvement of baseflow increase the range of runoff coefficient. 
All distributions of RC and RR show clearly right-skewed tendency except for the Bi cases which have 
value close to 0, implying symmetrical shape of the distributions. The cumulative distribution functions 
of the event runoff coefficients based on Eq.(3.7) for the study catchments are shown in Fig.5 while the 
corresponding summary statistics are reported in Table 4. Fig.8 shows that values of event-based runoff 
coefficient (RC) vary more than one order of magnitude, from 0.08 (Biii) to 0.80 (Bi) which points to the 
large variability of the hydrological response in the study area. Event-based runoff coefficients of Bi are 
distinguishable higher than those from the other three which twisted together with each other in high RC 
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scenery (RC>0.30). This is also reviewed by the mean of RC in Table 4 which the mean RC of Bi is the 
highest and mean RC for the rests are close to 0.30. 
Table 4. Moments of the Event-based Runoff Coefficient. 
Basin 
ID 
RC RR* 
mean CV skewness mean CV skewness 
Bi 0.40 0.41 0.30 0.53 0.45 0.36 
Bii 0.31 0.43 1.12 0.46 0.54 1.65 
Biii 0.31 0.42 1.48 0.43 0.45 1.05 
Biv 0.30 0.54 1.15 0.52 0.55 1.23 
*Event-based runoff coefficient computed based on total 
flow over total rainfall. 
 
Fig.5. Distribution Functions of the Event Runoff Coefficients. 
3.4 Influence Factors to RC 
More details for event-based runoff coefficient analysis are demonstrated in Fig.6 and Fig.7. Events 
associated with NCB greater than 60% (including 60%) of the CDF of NCB are considered as wet events 
while the rest are defined as dry events in this study. Normalized cumulative baseflow is plotted against 
the runoff coefficients RC, implying a positive correlation between NCB and RC, which points to the fact 
that runoff coefficient would take higher value in wetter pre-event condition (Chen et al., 2006; Zehe et 
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al., 2010).  Quantitative information on this correlation is provided in Table 5. We note increase in the 
coefficient of determination (r
2
) and decrease in the slope of the regression from small to large basin 
scales, indicating that RC would have stronger dependencies on the NCB for smaller basin scales. 
 
Fig.6. Runoff Coefficient vs. Normalized Cumulative Baseflow. 
Normalized cumulative runoff is plotted against the total precipitation for both wet and dry events on 
Fig.6, showing the large variability of the climatic forcing with TP of less than 20mm up to 125mm in all 
basins. Besides the large variability NCR is positively correlated on TP with strong non-linearity 
increasing with basin scale referencing the fact that catchment event rainfall is drained by means of 
surface runoff under a highly non-linear conversion mechanism being imposed by sets of catchment 
geologic and climatic processes (Zillgens et al., 2005 and Dhakal et al., 2012). The last row of Table 5 
lists the r
2
 and slp of the total flow (including baseflow) versus total precipitation (figure not shown). 
Comparing the total flow statistics with the corresponding stats from NCR versus TP we note that the 
linearity significantly decreases pointing to the variability being introduced by the baseflow. 
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Fig.7. Normalized Cumulative Runoff vs. Total Precipitation. 
Table 5. Corresponding Statistics for the Linear Regression in Fig.6 & 7. 
Basin 
ID 
Bi Bii Biii Biv 
r
2
 slp r
2
 slp r
2
 slp r
2
 slp 
RC v.s. NCB 0.37 3.39E-02 0.40 3.08E-02 0.42 2.77E-02 0.69 2.34E-02 
NCR 
v.s. 
TP 
Wet 0.87 0.69 0.80 0.59 0.71 0.52 0.60 0.49 
Dry 0.50 0.26 0.65 0.23 0.59 0.26 0.53 0.22 
All 0.51 0.37 0.48 0.27 0.49 0.30 0.42 0.28 
(NCR+NCB) v.s. TP* 0.40 0.37 0.34 0.24 0.34 0.27 0.27 0.27 
* Figure not shown. 
Two linear trend lines are fitted for the two event types on each graph displaying significant increase 
in r
2
 particularly for wet events. This result indicates the existence of two distinguishable hydrologic 
response regimes being rendered by the category method for dry and wet events. Also note that the dry 
events have lower increase in r
2
 values relative to wet events after the classification which implies the 
stronger variability of RC from dry event (Marchi et al., 2010; Borga et al., 2011). The larger variability 
is introduced by the drier initial condition which stores considerable rain water for wetting the soil. In 
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contrast with the linearity for overall and wet events, that for dry events shows no clear increasing or 
decreasing tendency with scale. The regression slope or to some extent the mean catchment hydrologic 
response ratio differs greatly between wet and dry events which may be one of the consequences of the 
surface moistening process. The vastest range of slope is from 0.26 to 0.69 in Bi while the narrowest 
range is in between 0.22 to 0.49 in Biv; this can be seen visually via the angle between the two trend lines. 
4 Catchment Scale Rainfall Organization 
4.1 Spatial Moment of Catchment Rainfall 
We apply the concept of Spatial Moments of Catchment Rainfall reported in Zoccatelli et al. (2011). 
This analytical framework was built upon two preceding studies, the Woods and Sivapalan (1999) and 
Viglione et al. (2010a). The spatial rainfall moments provide a description for spatial integration of 
rainfall field p(x,y,t) (L·T
-1
) within a basin at a certain time t as a function of the flow length d(x,y) (L) 
defined as the distance from position x,y along the flow path to the outlet of the basin. The n-th spatial 
moment of catchment rainfall pn (L
n+1
·T
-1
) is defined by Zoccatelli et al. (2011) as: 
      
 
 
                
 
          
Where A corresponds to the catchment area. Note that the zero-th order spatial moment of catchment 
rainfall p0(t) is the catchment-averaged rainfall rate at time t. Analogously, the gn, n-th moments of flow-
length yields a similar form as: 
   
 
 
        
 
          
Thus, the catchment-averaged flow distance is the first order moment of flow-length (g1). 
By taking ratio between moments of catchment rainfall and flow-length, one can obtain a 
dimensionless form for the spatial moments of catchment rainfall as the formulations below: 
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The first order moment δ1(t) reflects the location of catchment rainfall centroid (i.e., the catchment center 
of mass) over the basin. Values of δ1(t) around one indicate rainfall is distributed uniformly over the 
catchment or mostly concentrated over the catchment centroid. Values of δ1(t) less (greater) than one 
indicate that rainfall is distributed close to the outlet (the periphery) of the basin. The second order 
moment δ2(t) describes the dispersion of the rainfall field relative to its mean position with respect to the 
spreading of the flow-length. Values of δ2(t) close to one reflect that rainfall distributes uniformly over 
the catchment. Values of δ2(t) less (greater) than one indicate that rainfall is characterized by a unimodal 
(multimodal) distribution along the flow-length. 
The above equations can also be extended to reflect rainfall organization corresponding to the 
cumulative rainfall over the time period Ts. These statistics are termed Pn and Δn (Zoccatelli et al., 2011) 
and are defined as follow: 
   
 
  
      
  
          
   
  
    
        
   
 
     
  
  
  
  
  
  
 
 
         
Therefore, P0 stands for the hourly rainfall intensity for that time period. We termed the cumulative 
rainfall volume over that time period as total precipitation (TP) as the product between P0 and the time 
period Ts. 
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4.2 Catchment Scale Storm Velocity 
Since the first order moment of rainfall reflects the location of rainfall mass center, it is then 
interesting to note that its first order temporal derivative of evolution over time reveals the effect of storm 
motion. This is the definition of the catchment scale storm velocity V(L·T
-1
): 
       
 
  
             
The V(t) in Eq.(4.8) reflects the dynamics of rainfall space-time organization rather than the kinematics of 
the storm elements over the catchment. 
Zoccatelli et al. (2011) presented another approach to derive the mean value of catchment scale storm 
velocity over a certain time period. It requires a numerical evaluation of the derivative over a specific 
space and time window. The spatial window is given here by the catchment size, whereas the temporal 
window is chosen here to have two distinct durations: a) 6 hours and b) the duration of the event. We 
develop the catchment scale storm velocity in derivative as: 
         
 
  
            
 
  
             
Where w(t) is the variation of hourly mean rainfall over its corresponding time window and given as: 
     
     
  
         
Eq.(4.9) contains two slope terms. The first slope term is estimated based on the space-time regression 
between weighted scaled first moments and time. The second term is based on the regression between 
rainfall weights and time. The difference between these two terms describes the storm velocity Vs. For 
temporal variable but spatial uniform rainfall (both δ1 and Δ1 are equal to one) and rainfall with constant 
spatial pattern (both δ1 and Δ1 are equal to the same constant), the two slope terms will be equal in value 
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and opposite in sign, which implies a null value for the storm velocity. Note that the sign of the velocity is 
positive (negative) for the case of upstream (downstream) storm motion. 
Vs in Eq.(4.9) accounts for the both the storm dynamics and kinematics with the first slope term 
represents the total storm motion with respect to the time evolution of the weights of the precipitation w(t) 
times the center of mass δ1(t) and the second slope term stands for the temporal variability of rainfall 
related to the temporal evolution of the weights of the precipitation w(t). Further derivation shows that Vs 
is correlated with V with the following formula (see Appendix A.1): 
                          
 
  
             
Hence, if V is a velocity which take only the storm dynamics into consideration, the second term in 
Eq.(4.11) is a velocity which reflects the kinematic elements of the storm. 
4.3 Events Analysis 
Rainfall variability is evaluated here by means of the Spatial Moments of Catchment Rainfall. A 
sample event from the 5
th
 hour of November 12
th
 2004 to the 14
th
 hour of November 22
nd
 2004 (end date 
for the Biv case is the 2
nd
 hour of November 23
rd
 2004) common to the four sub-basins is selected and 
reported as examples to illustrate the performance of rainfall spatial moments. The rainfall spatial 
moments were computed hourly as time series to examine the variability in time of the statistics. The time 
series of the first and second scaled moments (δ1 and δ2) of catchment rainfall are reported in Fig.8, 
together with the basin-averaged rainfall rate (p0) and the percent coverage (pc) of the basin by rainfall 
rates exceeding a threshold set as 5mm/h. 
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Fig.8. Rainfall Analysis. a) Basin-averaged Rainfall Rate; b) Percent Coverage, (Precipitation Greater 
than 5mm/h); c) 1
st
 Order Moment of Rainfall; and d) 2
nd
 Order Moment of Rainfall. 
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The temporal patterns of the basin-averaged rainfall rate (Fig.8 Panel a) of these cases are quite 
similar since they are from the same cascade event. All of them are temporally bimodal with the highest 
value between the 21
st
 and 22
nd
 hour and a pause during the 9
th
 to 10
th
 hour. Time patterns of percent 
coverage (Fig.8 Panel b) with rainfall exceeding 5mm/h for the cases are highly correlated with those of 
the basin average rain rate. The outstanding decrease in value of both p0 and pc are observed as basin area 
increase. The time series of both the first and second scaled spatial moment (Fig.8 Panel c and d) exhibit a 
relatively large variability particularly in the Bii case with the δ1 and δ2 varying from 0.14 to 1.59 and 
0.00 to 2.07 respectively within the entire storm duration. The temporal evolution of δ1 and δ2 for these 
cases are similar to each other especially for the Bii and Biii due to the extremely high similarity in shape. 
A strong storm motion can be recognized during the period of strong flood-producing rainfall. For the Bi, 
Bii, and Biii cases, the rainfall core moves twice up and down the basin with values of δ1 sharply 
increasing from less than 1.0 (slightly over 1.0 for Biii cases) to approximately 1.5 during the 10
th
 to the 
14
th
 hour and then goes below 1.0 within the next hour. After this, the core moves up and down the basin 
again with the greatest δ1 over 1.5 in the 15
th
 hour and the lowest δ1 end at value less than 0.5 around the 
25
th
 hour. Moreover, it is noted that during the storm event the rainfall spatial organizations are unimodal 
most of the time (δ2<1). More importantly, values of δ2 generally reflect the trend of δ1, as expected, with 
small values of dispersion when δ1 is either larger or smaller than one and values of dispersion close to 
one when δ1 is also close to unity. 
The values of catchment scale storm velocity were computed based on Eq.(3.10) by calculating the 
two linear regressions with a) an hourly moving window with length of 6 time steps, i.e. 6 hours, and b) a 
time window with length equal to the storm event duration. Both of the Vs are reported in Fig.9. The time 
series is the Vs attained from the 6-hour window while the overall Vs based on entire storm duration is 
reported within the box. Fig.9 demonstrates that value of neither the hourly nor the overall catchment 
scale storm velocity from the four sample cases show significant difference to zero in general. It is also 
seen that within some time periods the pattern of time evolutions of the hourly Vs are similar to each other, 
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particularly for the Bii and Biii cases which evolve synchronously due to the high spatial similarity of the 
basin shape. From an overall perspective the general tendency of the storm centroid is moving downslope 
during the entire event which can be revealed as the negative Vs value within the box. The possible cause 
of decreasing in overall Vs value as scale increase is that the increasing in scale results in elongating of the 
event duration which further leads to the decreasing in regression slope term. In furtherance the variability 
of Vs of the cases in Fig.9 decrease from the biggest basin to the smallest one which can be seen visually 
from the range of the Vs time series. This is a universal phenomenon for the other sub-events from the 
same cascade event in this study as well as reported in Nikolopolous et al. (2011). 
 
Fig.9. Temporal Evolution of Catchment Scale Storm Velocity. 
Fig.10 juxtaposes the time series of basin-averaged rainfall rate (the p0 reported in Fig.8 with bar) 
and the storm velocity Vs together to clarify the role of rainfall on storm velocity. Strong downslope 
movement characterized as negative Vs values can be revealed during the 17
th
 to 23
rd
 hour for Bi, the 13
th
 
to 16
th
 and the 19
th
 to 27
th
 for Bii, Biii and Biv. Interestingly, these time ranges are also the time periods 
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for which the peak rainfall occurs. Conversely, upslope motion of the rainfall mass center is more likely 
to appear during the time edges of rainfall (i.e. the beginning, the pause and the end). Take Bii as an 
example, positive Vs appear a) before the first peak rain rate around the 11
th
 to 12
th
 hour, b) in between the 
two rainfall peaks during the 17
th
 and the 18
th
 hour, and c) after the second peak of rain and starts at the 
28
th
 hour to the end while negative Vs is presented during a) the first rainfall peak from the 13
th
 to 16
th
 
hour and b) the second rainfall peak from the 19
th
 to 27
th
 hour. This phenomenon brings forward the 
negative correlated role between rainfall intensity to the storm velocity which is also demonstrated from 
the results of several previous studies (Tarolli et al., 2011, Ruiz-Villanueva, et al., 2011). 
 
Fig.10. Role of Basin-averaged Rainfall to the Storm Velocity. 
We examined the relationship between the time-integral statistics Δ1 and Δ2 as a further step of the 
analysis (Fig.11). Inspection of this figure shows that both Δ1 and Δ2 vary significantly without clear 
dependency; neither shows obvious dependence on basin scale. An aspect of particular interest is that 
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0 10 20 30
0
2
4
6
8
Bi
p
0
 (
m
m
/h
)
-0.4
-0.2
0
0.2
0.4
0 10 20 30
0
1.5
3
4.5
6
7.5
Bii
-0.5
-0.25
0
0.25
0.5
0.75
V
s
 (
m
/s
)
0 10 20 30
0
1.5
3
4.5
6
7.5
Biii
p
0
 (
m
m
/h
)
-0.6
-0.3
0
0.3
0.6
0.9
Time (hours)
0 10 20 30
0
1
2
3
4
5
6
Biv
 
 
-0.8
-0.4
0
0.4
0.8
1.2
1.6
V
s
 (
m
/s
)
Time (hours)
p
0
 (mm/h) V
s
 (m/s)
26 
 
and Δ2 ϵ [0.9, 1.1]), indicating that generally Δ2 is close to one when Δ1 is also close to one. Less than 10% 
(12.5% for Biii) of the events fall in the area where both Δ1 and Δ2 are either greater than 1.1 or smaller 
than 0.9, indicating when dispersion is less than one Δ1 is further away from unit; more information lies in 
the examination of some individual cases. Two cases, one from Bii and another from Biii basin are 
reported with values of Δ2 around 0.75 and 0.78 corresponding to values of Δ1 equal to 1.05 and 0.95. 
These are the only two cases where strong rainfall concentrations correspond spatially to the 
geomorphologic center of mass of the catchment. One eccentric point lies on top of the Biv graph having 
a value of Δ1 equal to 1.02 and Δ2 equal to 1.28. Another similar but not as notable case with Δ1 as 1.03 
and Δ2 as 1.21 can be found on the top of plot for Biii; this type of case represents a bimodal spatial 
distribution rainfall with similar magnitude of rain rate on both sides (the periphery and outlet) which 
offsets the aggregation effect of each other to the rainfall mass center and results in a low-rain-
concentrated centroid near the geologic center of the catchment. 
 
Fig.11. Correlation between the Time-integrated 1
st
 & 2
nd
 Order Moments. 
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5 Hydrologic Model 
5.1 Introduction to HL-RMS 
In this section we simulate the hydrologic response (hourly discharge rate) for the selected events 
from the four study basins by using Hydrology Laboratory Research Modeling System (HL-RMS) 
developed by HL, OHD, NWS, NOAA (Hydrology Laboratory Office of Hydrologic Development, 
National Weather Service, National Ocean and Atmosphere Administration) (Koren et al. 2004). It is a 
flexible hydrological modeling system consisting of a well-tested conceptual water balance model applied 
on a regular spatial grid and physically based kinematic hillslope and channel routing models. 
The Sacramento Soil Moisture Accounting Model (SAC-SMA) is currently adopted as the 
hydrological model in HL-RMS. The SAC-SMA is designed as a two-layer structure: a relatively thin 
upper layer, and usually a much thicker lower layer which supplies moisture to meet the 
evapotranspiration demands (Duan et al., 2001). The portion of rainfall becomes surface runoff and 
infiltration is governed by the upper layer soil moisture deficit and the percolation potential of the lower 
layer: 
    
             
       
         
Where Rs is the surface runoff rate; Iperc is the percolation potential of the lower layer; Duz is the upper 
layer soil moisture deficit. The percolation potential of the lower layer is a non-linear function of the 
lower layer saturation and the upper layer free water saturation: 
                       
              
Where Imax is the maximum percolation rate under dry conditions; I0 is the maximum percolation rate 
under saturated conditions; θlzw is lower layer saturation; and θuzf is the upper layer free water saturation. 
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The physically based kinematic hillslope and channel routing models of overland flow were in HL-
RMS is defined as: 
  
  
 
 
  
  
  
                 
  
     
  
        
           
Where h is an overland flow depth; q is discharge per unit area of hillslope; Rs is a fast runoff from the 
water balance simulations (m/s); Sh is a hillslope slope (dimensionless); nh is a hillslope roughness 
coefficient (s/m
1/3
), D is a drainage density parameter (m-1); t is time; and x is the distance along the 
hillslope. Parameter qs is expressed in s
-1
m
-2/3
. Overland flow characteristics Sh, nh, and D have to be 
defined for each grid cell. Similar kinematic wave equations were used for the channel routing at each 
grid cell is: 
   
  
 
   
  
         
  
  
        
       
         
Where Ac is the channel cross-section; Qc is discharge; qLh is routed overland flow rate at the hillslope 
outlet, Rg is a slow runoff component from the water balance simulations, fc is a grid cell area, Lc is a 
channel length within a cell, m is an exponent parameter, and Qs is the specific discharge (m
3
/s/m
2m
). 
Fig.12 displays the simulation hydrographs for the four cases used previously: Visually Event20 from Bii 
yields better fitting results than the others; Event25 from Bi and Event22 from Biii both overestimate 
peak discharge rate. The models underestimate the peak discharge rate for Event20 from Biv, also 
noticeable hydrograph delays for both models are observed from these four cases. 
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Fig.12. Illustration of Simulations from Distributed and Lumped Rain Forcing. 
5.2 Evaluation of HL-RMS performance 
In this section, we test the performance of model runoff simulations from the HL-RMS model. 
Continuous discharge simulations at an hourly time step for distributed and lumped rainfall were 
generated for the selected events from the five basins following the steps listed in Koren et al. (2004). We 
aimed to find out which model is more realistic for the selected events in our study. The statistics we have 
presented here are all event-based based on the selected storm cases of this study. The first two errors are 
the absolute error of event runoff volume (εV) and absolute error of event peak flow rate (εp) for the two 
model simulations (lumped and distributed rainfall forcing) determined using observed USGS runoff data. 
The functions are expressed mathematically as: 
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Where Vo (Qpo) and Vs (Qps) are the observed and simulated event runoff volume (event peak flow rate). 
Either εV or εp stands for one aspect of the hydrograph which may be considered as a hydrograph character 
statistics. Moreover, two overall statistics describing the entire simulation period are demonstrated: The 
root mean square error, δRMS, 
     
            
 
   
     
 
   
        
and correlation coefficient of hourly discharges, ρ. Qo and Qs in Eq.(5.9) are the observed and simulated 
hourly runoff rate for every events; M is the total number of hour for an event. 
A few observations can be made from the error statistics summarized in Table 6: While distributed 
and lumped simulations can both produce reasonable flood event simulations for the watersheds, overall 
distributed model results are better for the majority of the basins. For εV and εp in Bi, values are the 
smallest for the distributed model but the biggest for lumped model. The smallest root mean square errors 
for both models appear in Biv with a fairly large gap to the biggest in Bi. The hourly discharge data 
displays better correlation in Biii but worse in Biv. Overall in our study the distributed model performs 
better for the small basins (Bi and Bii) while the lumped model shows better agreement for the big basin 
(Biv); but it should not be taken into account as a general rule unless more basins have been involved for 
research. 
A few observations can be made from the error statistics summarized in Table 6. While distributed 
and lumped simulations can both produce reasonable flood event simulations for the watersheds, overall 
distributed model results are better for the majority of the basins. For εV and εp in Bi, values are the 
smallest for the distributed model but the biggest for lumped model. The smallest root mean square errors 
for both models appear in Biv with a fairly large gap to the biggest in Bi. The hourly discharge data 
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displays better correlation in Biii but worse in Biv. Overall, in our study, the distributed model performs 
better for the small basins (Bi and Bii) while the lumped model shows a slight better agreement for the 
big basin (Biv). 
Table 6. Averaged Simulation Accuracy Statistics. 
Basin 
ID 
Distributed Lumped 
εV εp εRMS ρ εV εp εRMS ρ 
Bi 0.260 0.271 0.666 0.824 0.341 0.328 0.768 0.818 
Bii 0.286 0.319 0.624 0.808 0.323 0.321 0.657 0.790 
Biii 0.276 0.316 0.557 0.856 0.334 0.306 0.583 0.832 
Biv 0.280 0.282 0.480 0.754 0.251 0.262 0.479 0.739 
Values in italic mean that this statistics is better for Distributed 
(Lumped) simulations compared to Lumped (Distributed). 
Fig.13 are plots of errors in flow volume, peak flow rate, and the RMS of the hourly flow rate for the 
selected flood events simulated under the distributed and lumped rain forcing (from Panel a to c). The 
distributed simulation outperforms the lumped simulation for most flood events especially in the smallest 
Bi. The two models give similar situation error statistics for Bii and Biii, particularly in terms of εRMS; 
nevertheless more points were shown up within the bottom half of all the Biv plots, meaning that the 
lumped model surpasses the distributed model run in Biv. Detail examination of εp and εV show that more 
than 80% of the events have peak and volume errors from both of models less than 50% indicating 
reasonable simulation results for hydrograph character statistics. Bigger improvement in flood volume 
simulations as compared to flood peak can be seen from either the overall errors in Table 6 or the axes 
magnitudes together with the points’ distribution in Fig.13. This may be attributed to the combined effect 
of rainfall space-time variability as well as distributed routing. In addition, the root mean square error 
from both model for more than 80% (73% for Bi) of the entire events are less than 0.8. 
32 
 
 
 
0 40 80 120
0
40
80
120

V
,l
 (
%
)
Bi
0 50 100 150 200 250
0
50
100
150
200
250
Bii
0 50 100 150 200
0
50
100
150
200

V,d
 (%)

V
,l
 (
%
)
Biii
0 50 100 150
0
50
100
150

V,d
 (%)
Biv
0 40 80 120 160
0
40
80
120
160

p
,l
 (
%
)
Bi
0 80 160 240 320
0
80
160
240
320
Bii
0 60 120 180 240 300
0
60
120
180
240
300

p,d
 (%)

p
,l
 (
%
)
Biii
0 50 100 150 200
0
50
100
150
200

p,d
 (%)
Biv
33 
 
 
Fig.13. Simulation Accuracy. a) Flow Volume Error; b) Peak Flow Rate Error; 
c) Root Mean Square Error of the Hourly Flow Rate. 
6 Framework Examination with HL-RMS 
6.1 Role of the Framework in Hydrologic Modeling 
In 1999, Ross Woods and Murugesu Sivapalan proposed an analytical framework for quantifying the 
effects of space-time variability on catchment flood response in their groundbreaking study (refer as 
WS1999 hereafter). After more than 10 years, Alberto Viglione and his colleagues made significant 
breakthrough and build his analytical framework by releasing two strong restrict assumptions in WS1999: 
1) the multiplicative space-time separability assumption for rainfall process (i.e. a stationary rainfall) and 
2) the spatial invariant of hillslope travel time (refer as V2010a hereafter). Aiming at understanding of the 
interaction between the catchment morphological properties (i.e. the flowlength) and rainfall organization, 
Davide Zoccatelli and his team developed the concept of “spatial moments of catchment rainfall” and 
“catchment scale storm velocity” (refer as Z2011 hereafter). Compare to V2010a, Z2011 1) assumes a 
spatiotemporal constant but vary for event runoff coefficient; 2) applies the rainfall spatial variability 
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instead of runoff spatial variability as the distribution function when deriving the moments; and 3) 
disregards the differentiation between hillslopes and channel network routing to the total runoff travel 
time (i.e. hillslope and channel network routing share the same velocity). The Z2011 is linked with two 
quantities of the hydrograph: a) the mean runoff time (i.e., the time of the centre of mass of the runoff 
hydrograph at a catchment outlet), and b) the variance of the timing of runoff (i.e., the temporal 
dispersion of the runoff hydrograph). The expected value of catchment runoff time is a surrogate for the 
time to peak; the variance of runoff time is indicative of the magnitude of the peakness (i.e. shape of the 
hydrograph). For a given event duration and volume of runoff, a sharply peaked hydrograph will have a 
relatively low variance compared to a more gradually varying hydrograph (Woods, 1997). 
According to Z2011, the catchment flood response is conceptualized into two subsequent steps: 1) 
rain falls on the catchment and is converted to an amount of runoff by the surface; 2) runoff transport 
from that point to the catchment outlet. Hence, catchment runoff time Tq is treated as the summation of 
the holding time for the two stages: 
                
where Tr and Tc are the holding time for the first and the second stages respectively. Therefore, the mean 
of catchment runoff time Tq is expressed as: 
                         
Both Tr and Tc is conveniently regarded as random variables (Rodriguez-Iturbe and Valdes, 1979).  For 
term E(Tr) which is not of interested here, we refer to V2010a (see Appendix A.2 & A.3). Base on the 
above description, E(Tc) is the first order absolute moment of variable Tc with distribution function 
characterized as catchment rainfall space-time variability: 
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One of the important assumptions in V2010a and Z2011 is that for a given pattern of flow paths across 
the catchment, a space-time invariant advection velocity v is sufficient to describe the runoff transport 
(Saco and Kumar, 2002). Based on the definition of spatial moment of catchment rainfall defined in 
chapter 3, E(Tc) can be expressed by the rainfall spatial moments as (see Appendix A.3): 
      
    
 
        
Neither E(Tc) nor E(Tr) is correlated with the storm velocity, one direct conclusion can be made is that 
timing of hydrograph is not controlled by storm movement. 
Analogously, using the mass conservation property, the variance of catchment runoff time is given as: 
                                           
For term var(Tr) which is not of interested here, we refer to V2010a (see Appendix A.2 & A.4). var(Tc) is 
the difference between the expectation of the square of Tc and the square of the expectation of Tc. 
Analogously, E(Tc
2
) is second order absolute moment of variable Tc with respect to the rainfall spatial 
organization: 
    
   
                   
 
 
  
  
  
               
  
        
Combine the equations for rainfall spatial moments, Eqs.(6.6), var(Tc) yields the following form (see 
Appendix A.4): 
        
        
  
  
        
The third term in Eq.(6.5) is the covariance between Tr and Tc. It equals to the expectation of the product 
of Tr and Tc subtracts the product of the expectation of both Tr and Tc. We now focus on the expected 
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value of Tr times Tc E(TrTc). In V2010a, Tr is set to be equal to the instantaneous time t. With this 
assumption as well as constant channel routing celerity rate, E(TrTc) can be written as: 
         
                         
  
                
  
        
Apply the equations for catchment scale storm velocity; yields (see Appendix A.5): 
           
  
 
               
Based on the expressions of var(Tc), var(Tr), and cov(Tr,Tc) we note that not only the rainfall spatial 
dispersion but also the storm motion are contributors to the hydrograph shape and further the peak. 
6.2 Sensitivity Text 
In this part, we examine the effect of neglecting the rainfall spatial variability to hydrologic response. 
Two event-based statistics are derived here for testing statistics Δ1, Δ2, and Vs: a) difference in timing of 
the mean values (dE) and b) difference in dispersion around the mean values (dvar). Before going deeper 
for the statistics, two concepts are introduced first. The first concept is the hydrograph centroid (Ehret and 
Zehe, 2011). The term “centroid” here refers to the expected value of time with respect to the hourly flow 
rate, i.e. statistically, the first order origin moment of variable t weighted by hourly flow rate: 
      
         
  
        
  
         
Another concept is the dispersion of hydrograph around the centroid; it is determined as the variance of 
time with related to the flow rate. Thus, it is the second order center moment of variable t weighted by 
hourly flow rate: 
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Since the statistic Δ1 reflects the spatial distribution of catchment rainfall mass center with respect to 
the flowlength coordinate, storms characterized by Δ1 larger/smaller than one represents a periphery-
/outlet-concentrated rainfall pattern over the catchment. For the cases with Δ1 larger than one, a detention 
of the hydrograph centroid relative to the lumped (spatially uniform) rainfall is expected. For events with 
Δ1 smaller than one, an advance in hydrographs timing is anticipated compared to hydrographs from the 
lumped rain. Hence, the difference in timing of the mean value or timing error, which is the time 
difference between the centroid of the two types of hydrographs attained from the distributed and lumped 
rain is applied here to show its correlation against Δ1: 
                          
Apply the spatial moments of catchment rainfall to develop dE (see Appendix A.6) as: 
   
  
 
   
  
 
         
A positive/negative value of dE implies a positive/negative shift in time of the distributed hydrograph with 
respect to the one produced by using uniform precipitation. In another words a positive correlation 
between Δ1 and dE is anticipated. Additionally the value of the slope and intercept are expected to be the 
same in number but different in sign. In Eq.(6.13), g1 and v are constants greater than zero. Δ1 is the 
independent variable X while dE is the dependent variable Y; group the constant term -g1/v as c1 and term 
g1/v before X as c2, yields: 
                 
Eq.(6.14) represents a line which Y increase with X. 
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Analogously, we tested the sensitivity of statistic Δ2 of every event to the difference in hydrograph 
dispersion from distributed and lumped rain. It should be noted that with the rainfall excess volume 
remaining unchanged the effect of decreasing the variance of runoff time is to increase the flood peak. 
However, since Eq.(6.5) involves the covariance of Tr and Tc, the catchment storm velocity should have 
an effect in shading the hydrograph. Consequently, we may write dvar as: 
                                
Apply the spatial moments of catchment rainfall as well as the catchment scale storm velocity to develop 
dvar (see Appendix A.7): 
     
     
 
  
   
 
 
          
     
 
  
         
From Eq.(6.16), the event-based dvar is manipulated by both Δ2 and product of Vs and var(Ts), denoting Δ2 
and Vsvar(Ts) can be regarded as independent variables X1 and X2 with dependent variable dvar regarded as 
Z. We assemble term -(g2-g1
2
)/v
2
 as p1, term (g2-g1
2
)/v
2
 in front of Δ2 as p2, and 2/v as p3, obtain: 
                       
Eq.(6.17) stands for a straight surface in space. Note that (g2-g1
2
) is always greater or equals to zero (see 
Appendix A.7), it is certain that Z increases with both X1 and X2. Events characterized by a near stationary 
storm (Vs very close to 0), dvar is the marginal distribution of Δ2: 
     
     
 
  
   
     
 
  
         
Nikolopoulos et al. (2011) states that flash floods are frequently characterized by near stationary storm 
movement. From this sense, a relatively strong linearity between dvar and Δ2 may be seen for the flash 
flood generation rainfall event. In this case, a positive (negative) value of dvar implies a decrease (increase) 
of temporal dispersion of the hydrograph generated by uniform rainfall with respect to the one produced 
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by the spatially distributed precipitation. For events with extremely high rainfall spatial concentration (Δ2 
fairly close to zero) in different location for every time step, dvar is the marginal distribution of Vs times 
var(Ts). The second term in Eq.(6.15) can be replace as the covariance between Tr and Tc: 
                
     
 
  
         
Events with covariance between Tr and Tc higher (less) than the geomorphologic dispersion of its lumped 
model will have dvar greater (smaller) than zero indicating a increase (decrease) of temporal dispersion of 
the hydrograph generated by the spatially distributed precipitation. Due to the strict criteria, this kind of 
event is rare in practical. 
6.3 Regression Analysis 
The relationship between Δ1 and dE is reported in Fig.14 while the corresponding statistics are 
reported in Table 7. It is possible to identify a clear linear trend from the figures especially for Bii and 
Biii which the r
2
 values are greater than 0.8, indicating the relationship between dE and Δ1 is able to 
capture in an efficient way the control on the timing error for catchment responses obtained in disparate 
conditions in terms of catchment size and characteristics of the triggering storms. By example, events 
with Δ1 around 1.01 as shown in Fig.12 is identified with dE nearly equals zero as expected. Alternatively, 
cases with Δ1 value far away from one (e.g. Bi Event1, Bii Event50, Biii Event32, and Biv Event38), are 
likely to have dE value also distant from zero. One of the limitations for our study is the unavailability of 
the channel routing velocity which makes it impossible to derive a normalized form for Eq.(6.13). Since 
the exact value of c1 and c2 are missing we cannot hastily conclude that the increasing tendency shown in 
Fig.14 follows Eq.(6.13). However, the absolute value of term c1 and c2 are very close to each other 
(Table 7), which from a side angle substantiates that Eq.(6.13) captures the trend efficiently. From this 
point of view we may conclude that the discrepancy between the two hydrographs are well described by 
Eq.(6.2). 
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Fig.14. Role of Time-integrated First Order Moment of Rainfall on Timing. 
Table 7. Regression Statistics for Eq.(6.13) and Eq.(6.16). 
Basin ID Bi Bii Biii Biv 
Straight 
Line 
c1 -31.33 -56.85 -60.87 -99.00 
c2 31.02 57.03 61.24 96.90 
r
2
 0.58 0.84 0.82 0.65 
Straight 
Surface 
p1 -163.15 -639.60 -314.89 -1972.96 
p2 201.63 637.41 325.14 1867.53 
p3 1.06 0.22 0.30 0.28 
r
2
 0.17 0.16 0.25 0.16 
 
The relationship for Eq.(6.16) is plotted in Fig.15, scattering within a reasonable large range together 
with the corresponding statistics list in Table 7. As expected, dvar increases with Δ2 and VsVar(Ts) as 
visualized by the fitted mesh. The absolute values of p1 and p2 are close to each other and p3 are nearly 
zero except for the Bi case. Value of P2 reflects the influencing role of time-integrate second moment to 
the discrepancy in hydrograph dispersion. Since p2 are relatively low in Bi and Biii, their fitted meshes 
are approximately parallel to the X1-axes for a certain X2. This means, based on the selected events in this 
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study, effect of Δ2 is limit for these two basins. p3 for Bi is fairly large compared to the others which 
demonstrates the strong contribution to the difference in dispersion brought in by spatial variation to basin 
morphology, i.e. storm velocity together with rainfall event duration or covariance between holding time 
of rainfall excess and runoff transport in Bi. Together with the fact that Δ2 has a weak impact, the storm 
velocity and duration may be the major factor for dispersion discrepancy in Bi. For the other cases it is 
inappropriate to make any statement on the question; which will play a stronger role on dvar, because of 
lacking an obvious parallel trend for either of the independent variable and the scale issue. 
 
Fig.15. Role of Time-integrated Second Order Moment and Storm Velocity on Magnitude. 
However, Fig.15 is subject with two noticeable defects. First, asides from the dimension of Δ2, those 
for VsVar(Ts) and dvar exhibit inconsistency in magnitude and unit. One general conclusion can be 
reviewed on the graphs is that VsVar(Ts) and dvar value for the smallest basin Bi and the biggest Biv have 
the narrowest and widest range among all respectively. This scale inconsistency points to, again, the 
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missing of channel routing velocity and thus the unavailability of a normalized form for Eq.(6.16). 
Another defect from this figure is the low r
2
 value for each fitting implying low efficiency for Eq.(6.16) to 
depict the points’ tendency. This is ascribed to the semi-mathematic event selection method. For better 
evaluation it is necessary to involve more events of different types to fill and enlarge the range of Δ2 and 
VsVar(Ts). 
It is interesting to point out that the value of coefficients in the empirical regression equations enable 
deduction for the constant channel routing velocity v. According to Eq.(6.14) and Eq.(6.17), v is given as: 
  
  
   
 
  
  
         
   
      
   
  
      
  
 
 
  
         
Table 8 shows the channel routing velocity attained from Eq.(6.20) and (6.21). Since each pairs of term c1 
and c2 in linear regression is approximately equal to each other the corresponding v derived based on c1 
and c2 is nearly the same. Similar to the v derived from c1 and c2 those computed from p1 and p2 is also 
equal to each other. More importantly, outcomes of v from the surface fitting p1, p2 and linear fitting c1, c2 
are consistent with each other on magnitude except the Biii case with obvious disparity. However, values 
of v calculated from constant p3 in surface fitting appear abnormally high when contrasted to the 
outcomes from the other four coefficients except for the Bi case which exhibiting great magnitude 
consistency. Basin wide comparison shows similar v derived based on most of the coefficients for Bi, Bii 
and Biii while v for the biggest Biv displays obvious decrease to the others. At last it should be 
emphasized that these v are thoroughly empirical-based and the values may be problematic compared to 
the theoretical v utilized for the model. The apparent disagreements for v value are probably ascribed to a) 
the semi-subjective event selection process, b) insufficient points for the surface fitting, as well as 3) the 
inconsistency in unit for the variables. 
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Table 8. Empirical Channel Routing Velocity. 
Basin 
ID 
v (km/h) 
c1 c2 p1 p2 p3 
Bi 1.78 1.80 2.05 1.84 1.89 
Bii 1.94 1.93 1.93 1.93 9.13 
Biii 1.83 1.82 3.14 3.09 6.77 
Biv 1.44 1.47 1.48 1.52 7.20 
 
7 Conclusions 
From an observational perspective this work computes the event-based runoff coefficient and 
analyzes how the climatic role and initial condition influence this runoff coefficient. It is found that the 
climatic force and pre-event condition are two critical contributors to runoff response. Precipitation 
influences the runoff response with a strong nonlinear mechanism due to a variety of process being 
functioned by the surface. Higher event runoff coefficient is anticipated for events with wetter initial 
conditions in terms of normalized cumulative baseflow (NCB). This implies the pre-event flow can act as 
a reasonable classification criterion for events. Moreover, wet initial condition is able to exclude the 
variability in runoff response. 
The concepts of “Spatial Moments of Catchment Rainfall” and “Catchment Scale Storm Velocity” in 
Z2011 were presented in our study. We finally concluded that values of the time-integrate second scale 
moment generally reflects the trend of the time-integrate first scale moment with values of dispersion 
close to zero when Δ1 is far away from one, and values of dispersion close to one when Δ1 is also close to 
unity. Moreover, the catchment scale storm velocity is rainfall intensity and basin scale dependent. Value 
of Vs attained on a 6-hour moving time window decrease as rain rate increase and reveals the greatest 
variability for the case of the largest basin while that for the smallest one is the lowest. Storm velocity 
based on the entire duration is relatively small and the magnitude decrease with basin scale. 
The essential work of this paper is to test the framework sensitivity with hydrologic model. Therefore, 
we run the hydrology simulations for the selected events. The results exhibit that while performances of 
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both models are reasonable; the distributed model outperforms the lumped for the majority cases. Only 
for the cases from the largest basin in this study shows better agreement with the observation for the 
lumped simulation. We further introduce two differences calibrated based on the two simulations to 
explore the role of the framework statistics to hydrologic modeling. It is concluded that catchment 
response is sensitive to spatial heterogeneity of rainfall quantified as Δ1, Δ2, and Vs especially for the 
dependency between timing difference dE and Δ1. Strong linear dependencies are revealed between dE and 
Δ1 with rational value of the regression coefficients. However, with reasonable fitting coefficients, the 
empirical equation for independent variables Δ2 and Vsvar(Ts) to dependent variable dvar cannot capture 
the points’ tendency efficiently. Moreover, a set of empirical based advection velocity are derived from 
the coefficients with different extend of distortion demonstrating the representativeness of the regression 
equations. Further research should test the correctness of Eq.(6.17) from three aspects: 1) Involve more 
events of different type to see how the fitting behave; 2) examine only with flash-flood generation storm 
events which characterized with stationary storm velocity to certify the rigorousness of the marginal 
distribution of dvar to Δ2; and 3) investigate the correlation of the framework statistics with the two 
differences with data attained from a fixed length moving time window within events.  
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Appendix 
A.1 For Eq.(4.11) 
The catchment scale storm velocity Vs(t) can be annotated with the sense of derivative as: 
         
 
  
            
 
  
             
Express the first term in the blanket (note that mean of w(t) is always one in the framework): 
 
  
          
 
  
              
 
  
            
[δ(t)]t denotes the mean value of δ1 over the time period Ts. Substitute Eq.(1.2) into Eq.(1.1), yields: 
         
 
  
              
 
  
       
 
  
     
   
 
  
                      
 
  
            
The first term in Eq.(1.3) is the simple definition of catchment scale storm velocity V in Section 4. Thus, 
Eq.(1.3) becomes: 
                           
 
  
            
A.2 Assumptions and Definitions 
Since the aim of the spatial moments of catchment rainfall is to disclose the relationship between 
rainfall spatial variability and basin geomorphologic property (i.e. flowlength), Z2011 determines the 
distribution function for catchment response time as: 
     
        
            
  
 
  
        
Where f(t) stands for the distribution function. Within a general runoff model, catchment response time is 
the summation of the holding time for rainfall excess and runoff transport. Hence: 
                
Application of the mass conservation rule to Eq.(2.2), yield: 
                         
                                           
W1999 assume that Tr is uniformly distributed over time period Ts: 
                      
Z2011 adopts a space-time invariant advection velocity v to describe the runoff transport: 
46 
 
   
      
 
        
Some other basic properties for statistics may be used after are listed here: 
                
            
 
        
                                     
A.3 From Eq.(6.2) to Eq.(6.4) 
Within a general runoff model, the runoff generated at location (x,y) and at the time-step t [T] is 
routed to the outlet with a delay Tc(x,y) [T]. Therefore, the first absolute moment of Tr and Tc are: 
      
              
  
 
  
            
  
 
  
 
          
  
        
  
 
  
 
 
             
  
        
      
                   
  
 
  
             
  
 
  
 
        
  
         
  
 
  
   
 
    
 
        
A.4 From Eq.(6.5) to Eq.(6.7) 
According to Eq.(2.7), the only unknown term for both the variance of Tr and Tc are the first term. 
Apply the distribution function and relative properties, one yield: 
    
   
               
  
 
  
              
  
 
  
 
           
  
        
  
 
  
 
 
 
      
        
  
        
    
   
                      
  
 
  
              
  
 
  
 
        
  
          
  
 
  
   
        
Consequently, var(Tr) and var(Tc) are: 
        
  
 
  
 
      
        
  
 
             
  
    
             
  
         
        
  
    
  
  
   
 
 
 
        
  
  
        
A.5 From Eq.(6.8) to Eq.(6.9) 
We here define the temporal averaged rainfall map pm(x,y) as we will use it afterward: 
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Based on (2.8), the only unknown term for the covariance of Tr and Tc are the first term. Apply the 
distribution function and relative properties, one yield: 
        
                      
  
 
  
             
  
 
  
 
 
     
                                      
  
  
 
  
     
          
  
 
 
     
                        
  
  
 
             
   
 
                           
   
 
    
  
 
               
   
 
                           
    
 
                               
    
        
Substitute Eqs.(3.1), (3.2), and (5.2) in Eq.(2.8), cov(Tr,Tc) takes the following form: 
          
  
    
                                                
 
                             
   
 
             
  
                    
   
        
The first term in Eq.(5.3) is the difference between the temporal expectation of the spatial covariance of 
flowlenght and precipitation and the spatial covariance of the temporal expectation of flowlength and 
precipitation. In general it does not equal to zero since covariance is not a linear operator. However, in 
this case it is: 
                                              
 
                                  
    
          
Apply the definition of rainfall moments to rewrite the spatial covariance of d(x,y) and p(x,y,t): 
                     
  
 
 
   
                            
 
  
 
 
   
                                                
 
  
 
             
  
                        
Substitute Eqs.(5.4) and (5.5) in Eq.(5.3) to simplify the cov(Tr,Tc): 
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Combine Eq.(4.6) and the catchment scale storm velocity, yields: 
           
  
 
               
A.6 From Eq.(6.12) to Eq.(6.13) 
Different in hydrograph centroid dE in this paper is defined as: 
                                                       
Eq.(3.1) indicates that E(Tr) is variance only in time, meaning that E(Tr) from both model is the same. 
Also note that Δ1 equal to one for lumped rain. Thus: 
                  
  
 
   
  
 
        
Eq.(6.2) is the function for a line. For rainfall distribute evenly in space or majority concentrate on the 
geologic center, Δ1 equals to one and dE is zero. 
A.7 From Eq.(6.15) to Eq.(6.16) 
Different in hydrograph dispersion related to the centroid dvar in this paper is defined as: 
                       
                                                    
                        
Similar to the expectation, variance of Tr varies only in the time dimension from Eq.(4.3). Δ2 is one and Vs, 
or cov(Tr,l,Tc,l), is zero for lumped rain. So: 
                                     
 
     
 
  
   
 
 
          
     
 
  
        
Eq.(7.2) is the function for a flat surface in 3D. For spatial uniformly rainfall with Δ2 equals to one and Vs 
equals to 0, dE is zero. Quantity (g2-g1
2
) is always greater or equals to zero, since: 
     
  
 
 
        
 
    
 
 
       
 
   
 
                        
                    
Variance for a random variable is always greater or equals to zero.  
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